Introduction {#Sec1}
============

Older adults generally show poorer performance in working memory and especially in complex span tasks that require active maintenance of the to-be-remembered information^[@CR1]^. Different explanations have been advanced to explain these declines and although working memory may be affected by more general cognitive abilities such as speed of processing^[@CR2]^ declines in processing resources^[@CR3]^ and/or inhibition^[@CR4]^ other studies show how age-related changes in mechanisms responsible for maintaining to-be-remembered information may also be implicated^[@CR5],[@CR6]^. Indeed, working memory impairments may also be linked to factors involved in the active maintenance of information in working memory.

In particular, Baddeley and Hitch^[@CR5]^ posit that verbal traces are stored in the phonological loop through rehearsal, or a subvocal repetition of the to-be-remembered information. This is particularly interesting when testing older adults with span tasks where performance on short span tasks is generally better than performance on longer spans. Indeed, if information is maintained through rehearsal, short spans that require shorter articulation times, should be rehearsed more than long spans and subsequently lead to an increase in memory performance.

Differently, information may be maintained in working memory through an attention-based mechanism. In line with the Time-based Resource-sharing model^[@CR6]^, attentive processes are involved and since limited, must be shared, in both the processing and maintenance of information in working memory. In particular, if attentive resources are employed for processing, they are not available for maintenance and vice versa. Importantly, in span tasks where attention is necessarily directed at one item at a time, memory traces for the other items decline as attention must be continuously shared between processing and maintenance.

Nonetheless, recent behavioral studies highlight how affective information processing in working memory is preserved in aging^[@CR7]^ and many studies have highlighted how memory for affective information is maintained with age^[@CR8]^ and in particular, how older adults often remember positive information better than negative information (positivity effect). Carstensen and Mikels^[@CR9]^ posited that advantage for positive information is linked to affective goals that modify attentive processes in older adults. That is, older adults who prefer affective information, direct their attentive resources to this information and subsequently show an increase in memory for affective information in general, and for positive information, in particular (but see^[@CR10],[@CR11]^ for different results).

Neurophysiological explanations suggest that older adults remember affective information better than neutral information because the ventromedial prefrontal cortex (PFC), the anterior cingulate gyrus, and the temporal pole, involved in affective information processing^[@CR11],[@CR12]^, are less affected by aging than other regions involved in general cognitive processing. In addition, older adults generally show an increase in amygdala activity in response to positive information and a decrease in amygdala activity in response to negative information^[@CR13],[@CR14]^.

Another possible explanation for affective working memory performance in older adults may be linked to genotype differences^[@CR15]^. In particular, ADRA2B, a functional deletion in the adrenoceptor gene 2B, and CB1, a cannabinoid receptor type *1*, have been separately linked to emotional memory performance^[@CR16]--[@CR18]^. To our knowledge however, no study has investigated the combined action of these genotype differences on an affective working memory task in older adults.

The role of ADRA2B and CB1 receptor in affective processing {#Sec2}
===========================================================

Studies on the interaction between ADRA2B variant and emotion, with a specific focus on valence effects, show a very complex picture (for a review see^[@CR19]^). Behavioral studies have that found a bias for negative information^[@CR20],[@CR21]^, an association with suicidal behavior^[@CR22]^ and a decrease in false memories^[@CR23]^ in ADRA2B carriers. Others have detected more general emotion effects since ADRA2B carriers were sensitive to both positive and negative stimuli^[@CR19],[@CR24]--[@CR27]^. In particular, Mammarella *et al*.^[@CR28]^ suggested that ADRA2B may also mediate traumatic memories in older adults since ADRA2B carriers remembered positive words better than negative and neutral words even when these were pronounce with a negative prosody (see Mammarella *et al*.^[@CR28]^ for a detailed description). fMRI data also shows an increase in the neural activity in the amygdala while encoding affectively connoted images in older adults and especially in ADRA2B carriers^[@CR20]^ and several studies^[@CR28]^ have underlined how the increase in the noradrenergic system generally found in older adults may reflect a persistent focus on affective information in these individuals, especially in ADRA2B carriers. Finally, since the noradrenergic system may also be, in part, responsible for cognitive-affective flexibility and cognitive reserve^[@CR29]^, and therefore crucial for general emotion regulation processes in aging, ADRA2B carriers may benefit even more^[@CR28]^.

The intronless gene ADRA2B is located on the 2p13-q13 chromosome and encodes a seven-pass transmembrane protein widely distributed in the human central and peripheral nervous systems. The presence of the ADRA2B functional polymorphism, consisting of inframe three glutamic acids residues deletion (301--303) in the third intracellular loop, reduces receptor functionality and increases central noradrenergic transmission, through the presynaptic inhibition of NA release.

Recent studies have also begun investigating the role that the endocannabinoid system may play on cognitive-affective flexibility that depends on WM functions including goal maintenance, inhibition, shifting and updating^[@CR18],[@CR30],[@CR31]^. The endocannabinoid system is also associated with stress release and CB1 receptors in the prefrontal cortex may modulate anxiety, chronic stress, motivation, and, more generally, social functioning^[@CR30]^. For example, CB~1~ receptors are essential for the extinction of conditioned fear associations, indicating an important role for this receptor in neuronal emotional learning and memory as shown by fMRI studies investigating the cognitive control processes regulating fear extinction and, in particular, on the role of prefrontal cortex^[@CR32]^.

Studies on the endocannabinoid system^[@CR18],[@CR33]--[@CR36]^ focused on the rs2180619 single-nucleotide cannabinoid receptor type 1 polymorphism (CB1 receptor) located in the q14-ql5 region of chromosome 6. This receptor regulates the attenuation of synaptic transmission and psycho-activity by interfering with the release of other neurotransmitters. In this manner, CB1 protects the central nervous system from overstimulation or inhibition by other neurotransmitters.

Considering the established role of the noradrenergic and cannabinoid systems in affective processing mentioned above, our study aimed to investigate the combined effect of ADRA2B and CB1 carriers on affective working memory performance in older adults. Indeed, the combination of multiple polymorphisms that interact in the same pathway may amplify the effect of the single variants. In general, we expect double carriers to show better memory performance than single and/or no variant carriers due to cognitive flexibility and cognitive resources. Finally, in line with the large corpus of data available in literature regarding positivity effects in older adults, double carriers may show a positivity effect and remember more positive words than negative and/or neutral ones.

Results {#Sec3}
=======

The ADRA2b polymorphism analysis identified 80 carriers and 127 non-carriers. The HRM analysis identified 57 homozygous carriers of the CB1 variant allele (GG; 27.54%), 91 heterozygous subjects (AG; 43.96%), and 59 homozygote subjects for the reference allele (AA; 28.50%) (Fig. [1](#Fig1){ref-type="fig"}). Genotype frequencies were in Hardy-Weinberg equilibrium (χ^2^ test P value \> 0.05).Figure 1HRM analysis. The figure depicts an example of the HRM analysis of CB1 variants. The melting temperature of the amplicons carrying the different combination of alleles differs between homozygous and heterozygous subjects. In blue the profile of normal homozygous subjects, in red the profile of homozygous variant carriers and in green the profile of heterozygous subjects.

Valence effects on the affective O-Span working memory task: an ANOVA {#Sec4}
---------------------------------------------------------------------

To investigate the specific valence effects on working memory in combined ADRA2B + CB1 carriers compared to single ADRA2B or CB1 carriers and non-carriers, we carried out a 4 (Genotype: ADRA2B carrier vs CB1 carrier vs ADRA2B + CB1 carrier vs None) X 3 (Valence: positive, negative, neutral) X 2 (Length: short, long) mixed ANOVA on accuracy scores as the dependent measure. Valence and length were within participant factors. We introduced the length of the WM task in the analysis since WM memory performance generally decreases as length increases and valence effects may emerge more clearly as available cognitive resources necessary for completing the task decrease.

The analysis revealed a significant genotype effect, F(2, 169) = 5,790, p \< 0.01, ɳ~*p*~^*2*^ = 0.06. A Tukey-Kramer test for unequal sample size confirmed that carriers of both variants outperformed carriers of a single variant (ADRA2B or CB1). ADRA2B or CB1 single variant carriers showed comparable performance. The main effect of Valence was also significant, F(2,338) = 38,883, p \< 0.001, ɳ~*p*~^*2*^ = 0.19. A post-hoc Tukey-Kramer test for unequal sample size confirmed that participants, in general, remembered positive words better than negative ones and negative words better than neutral ones, indicating classical positivity and emotional enhancement effects. A significant length effect was found F(1, 169) = 539,80, p \< 0.001, ɳ~*p*~^*2*^ = 0.76 since performance was better on short strings than on longer strings. The 2-way interaction between genotype and length was significant, F(2, 169) = 11,590, p \< 0.001, ɳ~*p*~^*2*^ = 0.12. A post-hoc Tukey-Kramer confirmed that performance was in all three groups decreased as strings lengthened and that carriers of both variants remembered more words than carriers of the single CB1 variant (p \< 0.001) and carriers of the single ADRA2B variant (p \< 0.05).

Finally, a significant 3-way interaction between genotype, valence and length, F(6, 406) = 2,506, p = 0.02, ɳ ~*p*~^*2*^ = 0.04 was found. A Tukey-Kramer test for unequal sample size confirmed that carriers (ADRA2B, CB1, ADRA2B + CB1) and non-carriers showed comparable performance on short strings. Instead, performance differed on longer strings. In particular, ADRA2b + CB1 carriers remembered positive words better than negative ones and negative words better than neutral ones whereas single variant carriers (ADRA2B or CB1) showed a more general preference for emotional words compared to neutral ones (Fig. [2](#Fig2){ref-type="fig"}).Figure 2Total number of words remembered for long strings by genotype and valence.

Cluster profiles of valence effects: a BPR approach {#Sec5}
---------------------------------------------------

The total number of words remembered, regardless of valence, was considered as the outcome variable. The estimation procedure produced a partition of the joint distribution of affective O-span performance and related covariates into six clusters, composed of individuals with similar covariates and affective O-span performance. As a result, it was possible to evaluate the typical profile of participants for each identified group (Table [1](#Tab1){ref-type="table"}). Clusters were sorted according to increasing performance: subjects belonging to the last three clusters showed an estimated performance significantly higher than the average, while subjects classified in the first two groups were less performant. The posterior distribution of all cluster specific parameters are represented in Fig. [3](#Fig3){ref-type="fig"}.Table 1Number of participants, performance means and 90% credible intervals for identified clusters and the whole sample.IdentifierClusterTotal123456size285644351826207percentage13.527.121.316.98.712.6100performance0.36\*0.45\*0.590.68\*0.82\*0.93\*0.60*90% CI(0*.*34*, *0*.*40)(0*.*43*, *0*.*47)(0*.*57*, *0*.*61)(0*.*65*, *0*.*70)(0*.*79*, *0*.*85)(0*.*91*, *0*.*95)(0*.*59*, *0*.*61)*(\*) Provides information on coefficients significant at 90%.Figure 3Total number of words remembered as response variable: summary plot of the posterior distribution of parameter ***ϕ***~*c*~, for *c* = 1, ..., 6. Panel A shows the posterior distributions of the probability that a chosen covariate is equal to a given discrete category, across the identified clusters. In the coding of the ordinal categories, 0 corresponds to the lowest category and 1 to the highest. Finally, the box-plots are coloured according to the significance of the posterior estimates. red-coloured boxes indicate a performance above the average, green-coloured boxes indicate average performance, and blue-coloured boxes indicate a performance below average.

To highlight specific features of the identified clusters, the estimated probability for each covariate was summarized to be equal to the different categories in the groups associated with lower (clusters 1, and 2) and higher levels of performance (clusters 4, 5 and 6) on the O-span test (Table [2](#Tab2){ref-type="table"}).Table 2Posterior estimates of the probability for each categories in the clusters associated with lower (1 and 2) and higher (4, 5, and 6) levels of performance on the O-span test and average over all the clusters.CovariatesCategoryClusterTotal12456GENOTYPEAdra2b = 0 e CB1 = 0 (0)0.190.140.250.110.200.18Adra2b = 0 e CB1 = 1(1)0.500.470.300.470.25\*0.42Adra2b = 1 e CB1 = 0 (2)0.090.180.210.140.070.14Adra2b = 1 e CB1 = 1 (3)0.210.210.240.280.49\*\*0.26SEXM = 00.17\*\*0.380.300.64\*0.470.40F = 10.83\*\*0.620.700.36\*0.530.60AGE63--71 (0)0.22\*\*0.470.64°0.84\*\*0.37°0.5171--93 (1)0.78\*\*0.530.36°0.16\*\*0.63°0.49Education (years)0--5 (0)0.82\*\*0.71\*\*0.460.16\*\*0.640.515--8(1)0.08\*0.190.36°0.300.170.228--20 (2)0.10\*\*0.10\*\*0.180.54\*\*0.190.27MMSE21--24 (0)0.150.170.05°0.100.090.1024--30 (1)0.850.830.95°0.900.910.90FORWARD DIGIT0--6 (0)0.89\*\*0.720.84\*0.25\*\*0.690.666--13 (1)0.11\*\*0.280.16\*0.75\*\*0.310.34BACKWARD DIGIT0--4 (0)0.86\*\*0.570.560.15\*\*0.610.514--12 (1)0.14\*\*0.430.440.85\*\*0.390.49PANAS_POS0--33 (0)0.69\*0.550.37°0.31°0.590.5133--86 (1)0.31\*0.450.63°0.69°0.410.49PANAS_NEG0--18 (0)0.420.600.650.560.460.5418--47 (1)0.580.400.350.440.540.46VERBAL_FLUENCY0--7.6 (0)0.78\*\*0.75\*\*0.28\*\*0.23\*\*0.73\*0.517.6--21.3 (1)0.22\*\*0.25\*\*0.72\*\*0.77\*\*0.27\*0.49GDS0--2 (0)0.35\*\*0.580.710.730.570.602--19 (1)0.65\*\*0.420.290.270.430.40Significance levels: 1% (\*\*); 5% (\*); 90% (°).

High vs. low WM resources {#Sec6}
-------------------------

In the typical profile of the cluster associated with the highest WM performance (cluster 6), shows a prevalence of subjects carrying both variants (ADRA2B and CB1 genes), whereas CB1 variant carriers are underrepresented. Moreover, participants belonging to this cluster are more likely to be between 71--93 years of age and have lower verbal fluency scores. Results in Table [3](#Tab3){ref-type="table"} suggest that group 5 is more likely to be composed of males, with a high level of education and aged between 63--71 years. In this group, variables linked to forward and backward digit span scores as well as to positive affective scale attainments and verbal fluency results are significant, showing how these participants scored higher on these variables. The majority of subjects in cluster 4 are between the ages of 63 and 71 and have a low-medium level of education (5--8 schooling years). Group 4 includes a prevalence of subjects performing higher on the Mini-Mental State Exam (MMSE), on the positive affective scale and on the verbal fluency test.Table 3Neuropsychological and demographic characteristics by genotype.Test variableADRA2B (24)CB1 (113)DOUBLE (56)NONE (35)MSDMSDMSDMSDAge (in years)72.87.673.97.271.97.471.06.6Education (in years)6.32.58.44.77.44.07.94.8Forward Digit span4.71.56.12.25.82.05.32.1Backward Digit span4.81.54.92.24.61.94.31.8FAS8.63.78.33.97.73.48.94.4PANAS pos33.56.932.67.834.311.333.77.4PANAS neg18.05.119.06.820.17.619.07.5

Different results characterize the first two clusters, associated with a lower WM capacity. The lowest performing cluster (group 1) is mainly composed of females, aged between 71--93 years, with lower levels of education. They also record low scores on the Forward and Backward Digit, positive PANAS and verbal fluency. Conversely, these subjects score higher on the Geriatric Depression Scale (GDS). As for group 2, the only significant variables were education and verbal fluency. No other covariates were significant.

Valence processing in WM {#Sec7}
------------------------

In particular, this study aimed at investigating the role of genetic variability and the neuropsychological and demographic characteristics on affective O-span test performance, differentiated according to valence. The analyses including the number of positive, negative and neutral words remembered as response variable confirmed that enhanced WM performance was associated with a prevalence of subjects carrying both variants (ADRA2B and CB1). The empirical percentages of affective O-span performance across clusters, for different outcomes, are shown in the box-plots of Fig. [4](#Fig4){ref-type="fig"}. Results confirm that clusters 5 and 6 include individuals with enhanced memory performance. In particular, participants in clusters 5 and 6 remembered a higher percentage of positive words (Supplementary Fig. [1](#MOESM1){ref-type="media"}). In addition, participants in cluster 5 remembered a higher number of negative words than participants in other clusters (Supplementary Fig. [2](#MOESM1){ref-type="media"}). It must be noted, however, that the analyses for negative words revealed five clusters. Accordingly, cluster 5 for negative words corresponds to the enhanced WM performance and prevalence of both ADRA2B and CB1 carriers. Finally, the monochrome heatmap visualization (Supplementary Fig. [3](#MOESM1){ref-type="media"}) confirmed that carriers of both ADRA2b and CB1 deletion variants remembered more words, especially positive and negative ones, compared to single polymorphism carriers or non-carriers.Figure 4Graphical representation of a three-item set of the O-span.

Discussion {#Sec8}
==========

The present study aimed at investigating whether carriers of both ADRA2B and CB1 polymorphisms show different performance on an affective WM task in older adults compared to single variant carriers and no carriers. Moreover, for the first time, an attempt to establish a genetic and cognitive profile of older adults during affective processing was delineated. Results may be summarized as follows.

Regarding the influence of the combined effect of ADRA2B and CB1 compared to ADRA2B, CB1 or no variant on memory in an affective working memory task, we found that ADRA2B + CB1 carriers outperformed single variant carriers and no variant carriers with longer strings. That is, double carriers may have more cognitive resources and are able to use them to direct attentive resources towards motivated positive information during the processing and maintenance of information in the working memory task. Indeed, we found, a positivity bias in affective WM in carriers of both ADRA2B and CB1 polymorphisms whereas single variant carriers showed more general emotional enhancement effects since they remembered both positive and negative words better than neutral ones.

Working memory performance requires both efficient sub vocal rehearsal processes and the ability to share cognitive attentive resources between processing and maintenance requests. Older adults generally show good performance on simple span tasks that principally require rehearsal mechanisms for remembering. On the contrary, performance declines when cognitive resources must be shared. However, working memory performance, even on complex span tasks, increases in older adults when the task contains affective information. Moreover, in our study, older double carriers showed a preference for positive information during the affective WM task, suggesting that WM may function according to motivational goals (e.g., regulatory mechanisms) that direct attentive cognitive resources to the processing and maintenance of positive information and that this may be enhanced by the genetic profile.

The BPR analysis identified two groups of subjects with a prevalence of carriers of both analysed variants (ADRA2B and CB1), cluster 5 and 6 respectively, associated with enhanced WM performance. Although the older adults included in those clusters did not always show a stable cognitive baseline (lower verbal fluency in group 6), both groups showed higher WM performance. Interestingly, those clusters showed better memory for positive words (especially group 6). This emerging profile indicated that WM resources are crucial for focusing on positive information and that genotype-related differences may contribute to this valence bias.

In conclusion, our study confirmed a significant relationship between the noradrenergic system and memory for affective information in healthy older adults. Results confirm that affective information processing requires cognitive control mechanisms that selectively attend and remember positive information^[@CR8]^. Moreover, this process may be modulated by ADRA2B and CB1 haplotype. Mather^[@CR8]^ showed that NA influences stimulus processing priority and that priority becomes biased towards affective, and in particular, positive information during aging.

Our study also highlighted, for the first time, specific cognitive and genetic profiles. In particular, we found a high prevalence of both variant carriers in healthy aging^[@CR37],[@CR38]^. Our study also confirms recent studies^[@CR29],[@CR38]^ that show that both the noradrenaline and cannabinoid systems are crucial in affective information processes, and in positivity effects in memory in particular, in the aging brain^[@CR5]--[@CR12]^ (Mather and Harley^[@CR29]^ Robertson^[@CR38]^). Moreover, this may be also linked to the haplotypes of ADRA2B and CB1. The present data represent a novel starting point for evaluating how genetic differences may modulate affective working memory performance in older adults as well as in the healthy and pathological aging brain.

Methods {#Sec9}
=======

Ethics statement {#Sec10}
----------------

The Departmental Ethics Committee at the University of Chieti approved the study. In accordance with the Declaration of Helsinki, all participants gave written informed consent prior to inclusion in the study.

Participants {#Sec11}
------------

Sample size was established following the typical effect size (η^2^) of 0.07 of genetic correlates of memory studies^[@CR13]^. We required 80 participants per genotype for a behavioral study. In line with the finding that 30% of the White population show the ADRA2B deletion variant, we recruited 221 right-handed native Italian speakers from a group of healthy community dwelling older adults from the Chieti area to participate in the study. Participants were between the ages of 64 and 91 (mean age 72.7; SD 7.2). Exclusion criteria included a history of significant head injuries, stroke, epilepsy and learning disabilities. Eight participants were excluded because they could not be genotyped for ADRA2B or CB1. A further 6 participants with previous or current diagnosis or treatment for anxiety and depression, revealed by a self-report demographics questionnaire were excluded leaving a total of 207 participants.

Neuropsychological and demographic data are reported in Table [3](#Tab3){ref-type="table"}. All participants had normal or corrected-to-normal vision. All participants completed the forward and backward digit spans of the Wechsler Adult Intelligence Scale-Revised (WAIS-R^[@CR39]^) and the Positive and Negative Affective Scale (PANAS^[@CR40]^) to assess current mood.

Affective Operation Span {#Sec12}
------------------------

A modified version of the Operation Working Memory Span (O-span) Test for emotional words (adapted from Turner & Engle^[@CR39]^) was used. The O-span requires participants to solve a series of math equations while remembering series of semantically unrelated words. For each trial, an equation/word string appeared at the center of a computer monitor. Participants read the equation aloud, determined whether the given solution was true or false and then read the following word. The task was self-paced and participants pressed the space bar after reading the word in order to view the next equation--word string. The equation--word strings were presented in sets of three to six items. Three question marks in the center of the monitor cued the end of each set and to recall the words in the order of presentation (see Fig. [5](#Fig5){ref-type="fig"} for a graphical representation of the O-span).Figure 5Affective O-span performance: box-plot of empirical percentages across clusters for different outcome variables.

We constructed three to six equation-word strings for each affective valence (positive, negative and neutral) with two trials for each set size. The order of set size varied randomly. An 85% accuracy criterion on the math equations was required in order to ensure that participants were not trading off between solving the equations and remembering the words. The experimenter transcribed accuracy for math equations on a dedicated protocol. Two training trials preceded the experimental task. Thirty-six math equations and 36 target words^[@CR40]^ were used for the operation span task. Positive words had a mean valence of 7.8 (1.5) and a mean arousal level of 5.9 (2.8), negative words had a mean valence of 2.4 (1.8) and a mean arousal level of 5.9 (2.7) and neutral words had a mean valence of 5.5 (1.9) and a mean arousal level of 2.7 (2.3). Valence set order was counterbalanced across participants. For a detailed description and psychometric properties of the O-span task, see previous studies^[@CR37],[@CR41]^. The proportion of correctly words recalled regardless of serial position was considered as the WM measure.

Genetic Analysis {#Sec13}
----------------

Genomic DNA was isolated from buccal swabs using the NucleoSpin Tissue kit (Macherey-Nagel, Düren, Germany) according to manufacture instructions. DNA quality and quantity were assessed by Qubit 2.0 (ThermoFisher Scientific, Waltham, MA, USA).

ADRA2B {#Sec14}
------

PCR reactions for the polymorphisms analysis were carried out as previously reported^[@CR23]^. In line with previous studies^[@CR21],[@CR26]^ homozygote and heterozygote ADRA2B deletion carriers were treated as a single group due to the low number of homozygotes. A group of 207 participants was available for analysis. Homozygosity for the Glu301-Glu 303 deletion was detected in 4 participants; 76 participants were heterozygote while 127 were homozygote reference.

CB1 {#Sec15}
---

Genotypes for the rs2180619 (*A* \> *G*) were determined by High Resolution Melting (HRM) analysis^[@CR18]^ (Fig. [3](#Fig3){ref-type="fig"}). Each sample was run in triplicate. According to the Ensembl database (<http://www.ensembl.org/Homo_sapiens/Variation/Population?db=core;r=6:88167733-88168733;v=rs2180619;vdb=variation;vf=1566333>), the distribution of our sample (G: 49%; A: 51%) the allelic distribution observed here is similar to European (G: 43.6%; A: 56.4%) and American (G: 49.6%; A: 50.4%) populations.

Following genotyping, participants were grouped as follows: 24 (11.6%) presented only the ADRA2B variant, 92 (44.4%) presented only the CB1 variant, 92 (27.1%) presented both ADRA2B and CB1 variants, 35 (16.9%) presented no variants. Groups matched for age and education, general short-term memory (measured with the forward and backward digit spans of the Wechsler Adult Intelligence Scale-Revised (WAIS-R^[@CR42]^), verbal fluency and current mood (measured with the Positive and Negative Affective Scale, PANAS^[@CR43]^). All p ≥ 0.995.

Data Analysis {#Sec16}
-------------

First, to clarify specific affective working memory performance between subjects carrying one variant (ADRA2B or CB1), both (ADRA2B + CB1) or none, we ran a mixed-model analyses of variance (ANOVAs) on affective O-span data (old words remembered regardless of order) with Valence (positive, negative and neutral) and span length (short and long) as repeated measures factor, and Genotype (ADRA2B vs CB1 vs. ADRA2B vs none) as the between-subjects factor.

Second, we ran a Bayesian Profile Regression to identify high and low performance clusters of individuals and to test the influence of ADRA2B or CB1 variants, isolated or in combination, on Affective Working Memory in older adults. We also investigated whether these clusters showed particular behavioural profiles.

Bayesian Profile Regression {#Sec17}
---------------------------

To examine the genotype-related effects on affective WM, we adopted a statistical technique known as Bayesian Profile Regression (BPR)^[@CR44]^ and carried out statistical analyses with the freely available package PReMiuM^[@CR42]^ for R statistical software (R Core Development Team 2018). This method allows us to explore the link between a response variable and a set of associated covariate data through cluster membership, so that the outcome and the clusters mutually inform each other^[@CR45]^. It also allows us to include different neuropsychological and demographic characteristics potentially involved in the processing and maintenance of affective information in the O-span test variables in the analysis, in addition to those related to genetic variability.

The BPR assigns participants to clusters, based on the similarity of their covariates, and then associates clusters to affective O-span performance and supervises the clustering assignment in a unified fashion. Clusters are determined by both covariate data (***X*** and the response vector (**Y**). In this manner, the approach allows us to take potential multicollinearity among exploratory variables into account, which would be very difficult to capture in a standard regression framework.

In this study, *Y*~*i*~, *i* = *1*, *...*, *N*, denotes the total number of words remembered for each individual and $\documentclass[12pt]{minimal}
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For each mixture component, the probability models for the outcome *Y*~*i*~ and the profile ***X***~***i***~ are independent conditionally on some specific parameters, $\documentclass[12pt]{minimal}
                \usepackage{amsmath}
                \usepackage{wasysym} 
                \usepackage{amsfonts} 
                \usepackage{amssymb} 
                \usepackage{amsbsy}
                \usepackage{mathrsfs}
                \usepackage{upgreek}
                \setlength{\oddsidemargin}{-69pt}
                \begin{document}$${{\boldsymbol{\Theta }}}_{{\boldsymbol{c}}}$$\end{document}$, and some global parameter, $\documentclass[12pt]{minimal}
                \usepackage{amsmath}
                \usepackage{wasysym} 
                \usepackage{amsfonts} 
                \usepackage{amssymb} 
                \usepackage{amsbsy}
                \usepackage{mathrsfs}
                \usepackage{upgreek}
                \setlength{\oddsidemargin}{-69pt}
                \begin{document}$${{\boldsymbol{\Theta }}}_{0}$$\end{document}$. The global parameters allow us to consider effects that potentially affect the response variable without being cluster specific (the so-called "fixed effects"). To facilitate inference, an additional allocation parameter *Z*~*i*~ was introduced so that *Z*~*i*~ = *c* indicates that individual *i* is assigned to cluster *c*. The mixture component weight is denoted by $\documentclass[12pt]{minimal}
                \usepackage{amsmath}
                \usepackage{wasysym} 
                \usepackage{amsfonts} 
                \usepackage{amssymb} 
                \usepackage{amsbsy}
                \usepackage{mathrsfs}
                \usepackage{upgreek}
                \setlength{\oddsidemargin}{-69pt}
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                \begin{document}$$\,{\boldsymbol{\psi }}=({{\rm{\psi }}}_{1,}\ldots ,{{\rm{\psi }}}_{{\rm{c}}}$$\end{document}$) were modelled according to a stick-breaking prior^[@CR46],[@CR47]^. The number of clusters was not fixed in advance but informed by the structure of data. In this respect, it is possible to approximate the infinite mixture model with a finite one by specifying a maximum number C of components^[@CR44]^.

The probability model in Eq. ([1](#Equ1){ref-type=""}) suggests that the methodology relies on two key components: the *profile sub-model* $\documentclass[12pt]{minimal}
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Here, we modelled affective O-span performance as a binomial variable. To perform the BPR analysis the total number of words remembered and the number of positive, negative and neutral words remembered were considered as outcome variables. For the *profile sub-model*, genotype, gender, age, education, general working memory, verbal fluency and mood were considered as covariates. The ordinal variables were dichotomized using median values as cut-off.

In the *profile sub-model*, for *p* covariates, with *M*~*p*~ the number of possible categories for covariate *p*, we assumed locally independent variables given the allocation variable *Z*~*i*~ = *c*, such that $\documentclass[12pt]{minimal}
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                \begin{document}$${\phi }_{p}^{(c)}$$\end{document}$(m) is the probability the *p*^*th*^ covariate in the cluster *c* is equal to *m*.

Owing to the complexity of the model, inference was set up within a Bayesian framework. Joint inference on the full set of parameters for such mixture models was facilitated by Markov Chain Monte Carlo (MCMC) methods^[@CR48]^. At each iteration of the MCMC samplers, individual covariate profiles were first assigned to clusters and then affective O-span performance associated with a given group was assigned to each subject in the cluster^[@CR49]--[@CR51]^.
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